Abstract: International trade data capturing relationships between importing and exporting firms provides new insight into the activity of trading firms, but the quality of such disaggregated data is unknown. In this paper, we assess the reliability of two-sided data from the United States by comparing the number of foreign suppliers from U.S. import data to origin-country data. Such exporter counts tend to be lower than the same counts from raw U.S. data. We propose and implement a set of methods that align the totals more closely. Overall, our analysis presents broad support for usage of U.S. data to study buyer-supplier relationships.
Introduction
Every international trade transaction is an agreement between two firms, an importer (buyer) and an exporter (supplier), located in two different countries. For this reason, the recent availability of international trade databases that provide the identity of both importers and exporters for individual transactions has fundamental appeal for the field of international trade.
Indeed, the existence of such "two-sided" firm trade transactions data has the potential to establish novel facts about traders that can augment the heterogeneous firm framework widely used throughout the literature (Melitz (2003) ). To the best of our knowledge, "two-sided" firm trade transactions data has been analyzed for Colombia (Benguria (2014) ), Chile and Colombia (Blum et al. (2013) ), Costa Rica, Ecuador, and Uruguay (Carballo et al. (2013) ), Norway (Bernard et al. (2014) ), and the United States (Bernard et al. (2010) ; Pierce and Schott (2012) ; Dragusanu (2014) ; Eaton et al. (2014) ; Kamal and Sundaram (2013) ; Monarch (2014) ).
The use of two-sided firm data in international trade research is still in its infancy and it may be fair to characterize the use of such data as cautious. One of the primary reasons is concerns about data quality: in order to have individual transactions that include both importing and exporting entities, one data source must identify individual traders in both countries. It is readily apparent that one country collecting information on exporters originating in another country will be an imperfect undertaking at best. While it is in the best interest of many governments to collect reliable information about firms located in their jurisdiction for taxation purposes, it is not obvious that the same governments would have the incentive, or even the authority, to maintain accurate statistics on firms located outside its national borders.
Subsequently, two-sided trade data will by definition be more susceptible to issues related to the unique and consistent identification of "foreign" suppliers. The purpose of this paper is to examine and assess the reliability of two-sided firm trade data sourced from the United States, specifically U.S. merchandise import transactions collected by U.S. Customs and Border Protection (CBP) and maintained by the U.S. Census Bureau. 1 We begin by describing the institutional environment surrounding the construction and collection of the identifier that captures foreign suppliers exporting to the U.S, known as the Manufacturer ID or MID (section 2). The source data is the U.S. merchandise import transactions, which consists of information from every customs form filled out by U.S. firms with 1 See http://www.census.gov/ces/dataproducts/datasets/imp.html for further description. import shipments above $2,000. Using this data as well as supporting evidence sourced from CBP and third parties, we investigate the properties of the Manufacturer ID, highlighting both pitfalls and benefits in using the MID to conduct research. Our goal in this paper is to assess the extent to which the Manufacturer ID represents the foreign supplier. In Section 3, we compare statistics on foreign suppliers generated using the U.S. data to what are, theoretically, the same statistics generated using customs data from selected source country databases, compiled in the World Bank's Exporter Dynamic Database. Trade data from countries exporting to the U.S.
originate from official statistical sources, so it is reasonable in our view to attempt to validate the Manufacturer ID via such a comparison. Where possible, we augment these results with more detailed country-specific comparisons. Our main finding is that the raw U.S. data tends to overshoot the number of foreign exporters by about 25 percent. Additionally, certain countries and industries match well, while others do not. Given this finding, in Section 4, we propose several algorithms and cleaning methods to modify the MID and generate statistics that align more closely to source-country data.
Overall, our findings are broadly supportive of the usage of the U.S. import data for the purposes of investigating buyer and supplier relationships in international trade. Our analysis supports the usage of the Manufacturer ID as a unique and consistent identifier of foreign-based exporters that transact with U.S. importers, and thus as a window into the two-sided matching dimension of international trade research.
Background and History
U.S. importers are required to fill out CBP Form 7501 in order to complete importation of goods into the United States. In addition to information about value, quantity, and 10-digit HTSUS product category of the imported merchandise, firms also have to provide the "Manufacturer ID" (MID) for each product in Box 13 (see Figure 1) . 2 Due to strict rules-of-origin requirements, the MID for textile shipments represents the "manufacturer" as defined in Title 19 Code of Federal Regulations (CFR), i.e. "the entity performing the origin-conferring operations". Customs Directive No. 3550-055 lays out the current method for deriving an identification code for manufacturers and shippers. 6 The MID consists of an alphanumeric code that is constructed according to a pre-specified algorithm, using information on the sellers name and address from the importers official invoice. The derivation (known as "keylining") is as follows: the first two characters of the MID must contain the two-digit ISO country code of origin of the good, the next three characters the start of the first word of the exporters name, the next three characters the start of the second word, the next four characters the first numbers of the street address of the foreign exporter, and the last three characters the first three letters of the foreign exporters city (see Table 1 for stylized examples). 7 The MID has a maximum length of fifteen characters.
The multi-step process for constructing the MID described above may cause concerns about its reliability as a usable identifier, or the susceptibility of the MID to erroneous data entry by either importing firms or customs brokers. Although CBP Form 7501 may be filled out by individual importers it is common to either employ in-house licensed customs brokers to facilitate the import process or use outside customs brokerage service providers to handle the shipment clearance process. Customs regulations, 19 CFR, Part 111, require that a customs broker hold a valid license to transact customs business on behalf of others, and in fact, the Customs Broker License Examinations 8 administered by CBP typically includes a question about MID construction. 9 Moreover, customs brokers utilize specialized software to prepare and transmit invoices electronically to CBP such as SmartBorder. 10 SmartBorder includes validation checks on the entry data. In particular, with respect to the MID, the SmartBorder software can store customer information that can auto-populate, thereby reducing errors due to manual data entry. Overall, 96 percent of all entries filed with CBP are filed electronically through the Companies that join C-TPAT "sign an agreement to work with CBP to protect the supply chain, identify security gaps, and implement specific security measures and best practices. 12 C-TPAT members are less likely to be subject to examinations at the port since they are considered "low-risk". The CBP reports that the program covers about 10,000 companies, accounting for over 50 percent of U.S. import value.
Second, the United States is clearly interested in enforcing trade-related regulatory requirements that relate to the identity of foreign suppliers to the U.S. For instance, anti-dumping measures are foreign-firm specific in nature. Furthermore, it is clear from U.S. regulations that the Manufacturer ID is used to track compliance with U.S. restrictions for textile shipments.
MID criteria for textiles are more stringent than those for other products, since non-textile products typically do not have the rule-of-origin restrictions that exist for textile and apparel products. As mentioned earlier, the official "manufacturer" of textile products must be identi- In this section, we assess the potential for clerical errors in the construction of the Manufacturer ID and therefore its use as a unique and consistent identifier of foreign exporters by comparing a number of statistics generated by using the Manufacturer ID to those generated using information from external sources. We present results from three exercises. First, we measure both the overall number of foreign exporters in a year and the number of surviving foreign exporters over time in the U.S. import data, and determine how well these numbers match the same moments generated from data compiled by the country of origin. Second, we compare the U.S. merchandise import data to statistics from existing research and data on trading firms in selected countries. Finally, we report the results of specific comparisons made through using more detailed customs data from China, the largest importing partner of the U.S. (U.S. Census
Bureau (2013)).
Cross-country comparisons using the Exporter Dynamics Database
We begin by analyzing how statistics calculated using the Manufacturer ID in the U.S. import data compare to the same statistics generated from data collected by reporting agencies in the exporting countries. We first utilize the World Bank's public-use Exporter Dynamics Database (EDD) that contains destination-specific information on exporting firms for 43 countries between 1997 through 2007 (Cebeci et al. (2012) ). For every available year and export destination for these countries, we use the total number of exporting firms and the number of incumbent exporters. The source of the underlying micro data, which is not publicly available, varies from national government statistics (such as in Peru) to figures collected by private companies (such as in Chile) and are thus wholly different sources than the U.S. customs data. We thus compare statistics from the two distinct sources and analyze how closely they align, while being cognizant that the definition of what exactly constitutes a foreign exporter is specific to the U.S., and may not match across different countries.
Column 1 in Table 2 presents a list of countries from the Exporter Dynamics Database, along with the associated average number of exporters over the sample years in Column 2. 13 Column 3 presents the same statistic, average number of exporters, calculated using the Manufacturer ID 13 The years in the database range from 1997 to 2007, though the actual number of years with available exporter data varies by country. See Cebeci et al. (2012) for full details.
8 as it appears in the U.S. import data ("raw"). For most countries in the EDD, the total number of foreign exporters to the U.S. calculated using the raw Manufacturer ID is higher than the corresponding numbers from the World Bank data. Looking at the total number of exporters using EDD (91,841) compared to using the U.S. import data (114,888), we can see that the U.S. data yields counts that are, on average, 25 percent higher. We also run a simple regression of the number of exporters to the U.S. as reported in the Exporter Dynamics Database on the number of MIDs in the U.S. merchandise import transactions data, where each data point is an origin country-year observation present in both datasets. This regression yields a coefficient of 0.84, implying that for every 100 exporters reported in the U.S. import data, the Exporter Dynamic Database reports 84 exporters.
The second comparison between U.S. import data and the Exporter Dynamics Database is a dynamic one. For any given year, it is possible to measure the number of incumbent exporters to the U.S. (exporters that were also found in the previous year). Using U.S. import transactions data, we compute the average number of incumbents from a country, over the time period for which Exporter Dynamic Database data exists, by tracking the number of Manufacturer ID observations that are also found in the previous year. The average number of incumbent exporters using the EDD and the raw MID are presented in Columns 4 and 5 of Table 2 . As with the findings for the average number of exporters reported in Columns 2 and 3, we tend to find a higher number of incumbents using the U.S. import data than reported in the EDD.
An exception is Mexico, for which U.S. data implies a lower number of incumbents compared to that reported in EDD.
Why might using the Manufacturer ID to generate counts of firms exporting to the U.S. result in too many exporters relative to source country data? The most obvious answer rests on two of CBPs requirements in constructing the Manufacturer ID. First, each manufacturer of the same product must be listed separately. Second, trading companies, sellers other than manufacturers, and similar trading agents cannot be used to create MIDs, and this particular requirement is especially strict for textile products. Since source countries may count intermediaries as exporters in their customs data, origin-country data compared to the U.S. data is likely to yield lower counts of exporters. At the same time, it is also possible that two different U.S. importing firms might be purchasing goods from the same exporting firm, yet constructing the MID differently. For example, one U.S. importer might write down the numerical section of the exporters address, while another may not. Typographical differences may also arise when entering the letters in the exporters name or address by the filer of CBP Form 7501. These types of clerical errors would lead to an overestimate of the number of firms exporting to the U.S.
Although we cannot measure the extent of the bias coming from different exporter identification requrements, in Section 4, we quantify the size of the effect on exporter counts coming from potential differences or clerical errors in MID construction.
Cross-country comparisons from other sources
We next turn to comparisons of number of exporters calculated using the MID from the U.S. import data with same statistics derived from both published and unpublished academic work.
We identified three papers using firm-level data from individual countries that report figures for the number of exporters to the U.S.: Bekes et al. (2009) for Hungary, Eaton et al. (2014) for Colombia, and Bernard et al. (2014) for Norway. We also report figures for Uruguay, Costa Rica, Ecuador, and China. The results are presented in Table 3 . Bekes et al. (2009) utilize Hungarian firm-trade linked data, based on firm balance sheet information combined with customs data. 14 Row 1 in Table 3 Table 3 . Again, we see that U.S. data yields a higher number of exporters than using origin-country data. The authors also document this finding in Appendix A of their paper, and note that difference in value is only about 10 percent. In order to examine the reasons for larger differences in firm counts, the authors compare the number of firms across the two data sources by HS2 categories to find that counts using the Manufacturer ID are higher in only 28 of the 82 codes and the biggest differences arise in HS codes 61 and 62: textiles.
They show that removal of these two sectors from the list reverses the firm counts such that the Colombian data yield higher number of exporters. This finding is in line with regulations 14 Table 27 in Bekes et al. (2009) presents the number of exporting firms by country of destination. 15 The data is from the Hungarian Statistical Office from Customs declarations. It excludes trade of goods stored unaltered in bonded warehouse and duty free zones. The authors note that 26 percent of export observations (firm-year) are not merged with production data, resulting in about 5,000 dropped observations per year. These observations are also not included in their tables, a total of about 3-5 percent of total trade. pertaining to reporting requirement for Manufacturer IDs in textile products under Title 19, CFR. The MID must represent the manufacturer for textile products and furthermore products of each manufacturer must be separately identified. Bernard et al. (2014) utilize transactions level data on Norwegian exporters, and similar to U.S. import data, are able to positively identify both buyers and sellers. Table 1 in their paper presents a number of statistics, including the number of Norwegian exporters to the U.S.
as well as the number of U.S. buyers that transact with Norwegian exporters. We compare the number of Norwegian exporters to the U.S. using the MID to theirs in Table 3 The next three rows in Table 3 provide statistics for Uruguay, Costa Rica, and Ecuador, respectively. The number of exporters lines up well using the two different data sources for Uruguay; while Costa Rica and Ecuador have much higher estimates using the MID variable in the U.S. merchandise import transactions as compared to data from their national data sources.
Comparisons with Chinese trade statistics
Our final exercise analyzes the number of Chinese exporters to the U.S., derived both from Chinese export data and U.S. import data in 2006. Table 3 , row 7, shows the number of exporters computed using Chinese customs data as well as those computed using the MID. The number of Chinese exporters to the U.S. in 2006 using Chinese customs data represents only 40 percent of the number calculated using U.S. merchandise import data. The potential for higher counts of foreign exporters using the MID may be due to the requirement that U.S. importers go directly to the source when constructing the Manufacturer ID, a trend which should be especially pronounced in textiles due to stringent requirements to report the actual sourcing entity for every HS10 product.
For the case of U.S.-China trade, it is actually possible to delve deeper into which products produce the widest discrepancy, as we have access to the number of Chinese exporters to the U.S.
by HS2 category. This is especially valuable given the well-known differences in MID reporting requirements for textile and non-textile shipments discussed in Section 2. We would expect some evidence that the more detailed reporting requirements associated with textile products to be consistent with higher numbers of exporters than country-specific data might provide, as well as providing a valuable signal to researchers about the scope of overestimation by industry.
Indeed, Chinese exporter counts at the HS2 level display significant variation across different product categories.
In Table 4 , we present the HS2 codes where the total counts of Chinese exporters vary most widely between Chinese and U.S. data. For example, the count of exporters generated using Chinese customs data trading Silk, Yarn, and Woven Fabric is about half that of the count generated using the U.S. import transactions data. Textiles (HS2 61-63) and other fabric textiles (HS2 50-52) display some of the highest differences, but a few other categories also appear to be differing significantly. If we exclude the top 10 industries where the U.S. data appears to overestimate the number of Chinese exporters (leaving 83 percent of total U.S. import value from China), then the China/U.S. count ratio rises from 40 percent to 54 percent. If we further drop all HS2 industries where the total number of exporters from U.S. data is more than double the number from Chinese data (leaving 76 percent of total U.S. import value from China), the China/U.S. count share increases further to 59 percent. 17 A final check that we undertake is to construct Manufacturer IDs from firm names and addresses from Chinese firm level survey data, following closely the algorithms set forth by CBP and described in Section 2. We can then evaluate the uniqueness and consistency of the constructed MIDs vis-a-vis the source country data. There are two advantages to this approach.
First, this exercise allows us to quantify how commonplace the problem of two firms having the same Manufacturer ID is. Second, we can assess how often the same firm has a changing Manufacturer ID over time. Monarch (2014) Column 3 shows the number of pseudo-MIDs that could be created using the name and address information in the same dataset. The final column lists the percentage share of pseudo-MIDs in the total number of exporters. The very high percentages (ranging from 97 to 100 percent) indicate that the algorithm used to generate MIDs is capable of producing unique identifiers for an exporter. Panel B shows results from an identical exercise using city information. Column 2 shows the number of cities with at least one exporter within each industry using NBS firm level data. Column 3 shows the unique number of cities generated using the last three digits of the pseudo-MIDs. Again, the higher percentages in the final column indicate that the three digit codes in the MID representing the city of the exporter tends to match the actual number of cities quite well. Panel C illustrates the rarity of the same exporting firm will have changes in name, address, or location that would result in a different pseudo-MID. Taken together, the results in this table are another demonstration that U.S. importers constructing MIDs according to the rules described in Section 2 are likely to generate reasonably unique and consistent identifiers of foreign exporting firms.
Methods for Improving the Foreign Exporter Count
We have described earlier the potential for higher counts in the U.S. data, and have demonstrated that indeed, when comparing U.S. data to foreign data, the number of foreign exporters generated using U.S. data tends to be larger than using origin-country data. This is not altogether surprising. In fact, it is not unusual to find differences in the counts of businesses across 13 different data sources, even when they measure the same domestic economy. For example, Becker et al. (2005) compare the number of establishments in the U.S. reported by the Bureau of Labor Statistics (BLS) to published totals from the Census Bureau. They find that the BLS count of establishments is about 9 percent higher than counts generated using Census data.
In a follow-up study, Elvery et al. (2006) matched the businesses in the two files and found that the 6-digit NAICS codes assigned by the agencies differed for about 17-33 percent of the establishments.
Nevertheless, it is worthwhile to consider how potential clerical issues with the MID may be addressed. Guided by our findings in Section 3, we present two alternative methods to address the incidence of over-counting foreign exporters using the U.S. data -(1) brute force removal of different components of the Manufacturer ID and treating the truncated ID as the unique identifier of an exporter, and (2) implementing a matching protocol to determine how many "similar" Manufacturer IDs are present in the data. The first approach is more straightforward, but carries the risk of eliminating a significant amount of information. It is possible that different exporters may in fact have very similar Manufacturer IDs, thus making it especially likely that exporters will have identical truncated MIDs. The second approach is more nuanced, but requires quantifying the notion of "similar", as well as some significant computational capacity. In order for researchers to better understand the tradeoff, we describe the results of each method in detail.
MID Truncation
We first provide analysis based on removing certain segments of the Manufacturer ID. As detailed above, U.S. importers are required to write the first four numbers of their export partners address and the first three letters of the exporters city in order to construct the MID.
Numbers may be likely sources of input errors since they may be transposed more easily than alpha characters. City names may be prone to errors due to different interpretations about the specific geographic location of a supplier. For instance, Kamal and Sundaram (2013) study the role of Bangladeshi textile exporters located in the same city and exporting to a particular U.S. importer in facilitating a match with the same U.S. importer. They find that in their sample of Bangladeshi textile exporters to the U.S., the city variable extracted from the MID may represent both districts and sub-districts in Bangladesh.
In order to mitigate the potential overestimation of exporter counts using the MID, it is possible to eliminate numbers or last three characters from the raw MID, and then treat identical truncated MIDs as a single exporter. Thus, the final effect of removing one or the other component is to reduce the number of foreign suppliers generated using the U.S. data. For this reason, we utilize the different permutations of the Manufacturer ID excluding all numeric characters ("no number") and excluding the last three characters ("no city") and recalculate the average number of exporters.
As seen in Table 6 and 7, applying the simple cleaning procedures -either eliminating street numbers or eliminating the city -tends to produce total foreign exporter estimates that are much closer to the totals reported in the Exporter Dynamic Database, with a few exceptions. If we replicate the regression from Section 3.1, the regression coefficients for the "no number" and "no city" versions of the MID are 1.001 and 0.94, respectively, suggesting that these truncation methods are capable of reducing the number of MIDs to generate the number of foreign exporters that are more in line with those reported by the origin country. Table 8 , depicting the number of exporters to the U.S. for seven countries, shows that there are significant improvements in matching the sources originally described in Table 3 as well. These cleaning procedures also improves the match between U.S. and Chinese datasets for the number of Chinese exporters:
the China/U.S. count share rises to 52.93 percent (no city), and 58.74 percent (no number), from 40 percent when using the raw MID.
Bigram Matching Algorithm
An alternative to applying a "brute force" cleaning procedure is to use a bigram matching algorithm, and set a standard for determining if any Manufacturer ID is "similar enough" to another Manufacturer ID. A bigram is an approximate string comparator computed from the ratio of the number of common two consecutive letters of the two strings and their average length minus one. In this way, one could be more conservative about which sets of Manufacturer IDs may be more likely to represent the same firm by setting the threshold for matching to be as high as desired. We implement such a procedure by tallying the number of matching string-variable component bigrams, and combining them into a field-similarity score. 18 Appendix A provides examples of pairs and their associated field-similarity score. Within each country exporting to 18 We utilize the reclink2 module in STATA (Wasi and Flaaen (Forthcoming) ). the U.S. in a given year, we compare each Manufacturer ID to every other Manufacturer ID, and for those matches (or sets of matches) with high field-similarity scores, we collapse them down into a single Manufacturer ID.
While this method sometimes works the same way as the blunter excise approach, it may (depending on the threshold) capture subtler differences in the Manufacturing ID, or allow similar MIDs with very different addresses to still be counted as different firms. For the 15 character Manufacturer ID, we identify a few rules of thumb for field-similarity: a score of 0.98 or higher tends to match MIDs with 1-2 characters being different, while scores of 0.97 or higher tend to match to those MIDs that are identical in all aspects except for the address field. We use both 0.98 and 0.97 as standards for whether two MIDs are similar enough, and report the total number of foreign exporters according to each one. We believe these standards are sufficiently low, so as to allow for the possibility of simple coding errors, while still being stringent enough to not lump together two different firms. Table 8 presents the number of foreign suppliers by country of origin that are dropped with a 0.97 and a 0.98 field-similarity score in 2008. We see that eliminating "very similar" Manufacturer IDs using the matching procedure reduces the number of foreign suppliers by about 10-15 percentage points compared to counts generated using the raw Manufacturer ID. Furthermore, the bigram matching algorithm described here also goes some way towards improving the match, with China/U.S. data count shares reaching 57.93 percent (for a 0.98 similarity score) and 63.39 percent (for a 0.97 similarity score) compared to 40 percent using the raw MID.
Finally, as a supplement to our cleaning procedures, we manually inspect 100 random Norwegian Manufacturer IDs. The goal is to identify instances where multiple Manufacturer IDs may actually refer to the same firm, using reasonable judgment. We find 23 Manufacturer IDs that we flag as potentially "problematic" -we find a total of 23 codes that are similar enough to another code, such that instead of these 23 foreign firms there should be 11. Thus, through our manual scanning exercise to identify problematic MIDs we reduce the number of MIDs by 12 percent, within the range generated through the matching program. In fact, if we apply the matching algorithm to this sample, 17 MIDs would be identified as problematic, and would collapse into eight firms, reducing the number of MIDs by 9 percent, closely mirroring our subjective assessment.
As described at length throughout this paper, the likelihood that figures from different sources will match is rare as evidenced even in aggregate data on trade volume between the U.S. and Hungary or the U.S. and China that have well-known discrepancies based on which country's data is used. 19 However, we view the above exercises as demonstrating that the Manufacturer ID variable, especially incorporating our cleaning procedures or paying attention to particular sectors, tends to match outside data closely providing reasonable assurance in using it as a consistent identifier of foreign suppliers to study exporter-importer relationships in international trade.
Summary
This paper investigates the properties and potential research uses of the Manufacturer ID variable that identifies the foreign supplier in a U.S. merchandise import transaction. We document the rules and laws that govern the generation of the MID, noting that the MID is primarily meant to capture the origin-conferring entity in a merchandise import transaction. We compute the number of exporters to the U.S. for a set of countries using the Manufacturer ID and compare these to the same statistic computed using data sourced from the origin-country. Our findings suggest that, on average, using the MID to compute these statistics tend to exceed those using data from foreign data sources. Guided by this finding, we explore two main ways to clean the MID. Recreating the statistics using the modified MIDs, using either method, align more closely with statistics from origin-country data sources. We believe that the Manufacturer ID is a key element in allowing deeper investigations of buyer and supplier relationships in international trade. Our findings offer the first set of systematic evidence in identifying potential issues with using the MID, countries and sectors where these issues may be more pronounced, and finally algorithms to modify the MID in order to address the pertinent concerns. Future work linking individual firm-trade linked data from origin countries to the U.S. merchandise import data will prove invaluable in further usage and cleaning of the MID. Note: This table reports the average number of all and incumbent foreign suppliers calculated using the Manufacturer ID over the years 1992 through 2008. "Raw" refers to MIDs as they appear in the import data. This panel uses name, address, and city information from China NBS firm data to track whether constructed "MID"s change over time for the same firm, identified here using the "faren daima" firm identifier from the NBS "Raw" refers to MIDs as they appear in the import data; Not similar at "0.98 Match Score" and "0.97 Match Score" refers to MIDs modified using bigram matching algorithms with 0.98 and 0.97 thresholds, respectively.
A Examples of the Bigram Matching Program
In Section 4.2, we describe the procedure whereby we collapse "similar" Manufacturer IDs into a single Manufacturer ID, where "similar" is defined as a score, calculated according to the number of matching bigrams within the Manufacturing ID. The procedure follows Wasi and Flaaen (Forthcoming) in order to calculate such a score. In Section 3, we have described rules of thumb to choose bigram matching scores in order to "clean" the MIDs. Here, we provide detailed examples of matches between MIDs and the associated scored, using hypothetical MIDs.
Consider the following hypothetical firm name and address:
Quan Kao Company
Beijing Lane
Beijing, China
Following the rules described in Section 2, the Manufacturing ID for this firm would be:
CNQUAKAO1234BEI. Below we present seven permutations of this Manufacturer ID, along with their accompanying bigram matching score.
As can be seen from the table, the closer the two strings are, the higher is the associated match score. Furthermore, our criteria of consolidating similar firms if the two codes have similarity indices of over 0.98 or 0.97 seem reasonable according to the above standards: while some simple coding errors (such as missing one character in the name, or forgetting to use the second word of the firms name) might be reasonable to assume as potentially occurring in the data, errors on the scale of wholly different addresses or firm names are certainly likely to be much less common. 
